As having an important part of coordination control in steelmaking process, traditional production planning and scheduling technologies are developed with little consideration of the metallurgy mechanism, leading to lower feasibility for actual production. Based on current situation and requirements of steel plants, this paper focuses on the investigation of the charge plan from the view of metallurgy and establishes a charge planning model concerning the minimization of both the open order amount and the difference in due dates of the orders in each charge. A modified multi-objective evolutionary algorithm is proposed to solve the charge planning model of steelmaking process. By presenting a new fitness function, based on the rule of target ranking and introducing the Elitism strategy to construct the non-inferior solution set, the quality of solutions is improved effectively and the convergence of the algorithm is enhanced remarkably. Simulation experiments are carried out on the orders from actual production, and the proposed algorithm produces a group of optimized charge plans in a short time. The quality of the solutions is better than those produced by a genetic algorithm, modified partheno-genetic algorithm, and those produced manually to some extent. The simulation results demonstrate the feasibility and effectiveness of the proposed model and the algorithm.
Introduction
Along with the advance of manufacturing technology and information technology at home and abroad, a series of works about "Intelligent Manufacturing" are being carried out in succession [1] [2] [3] [4] . As having an important role in manufacturing industries, the iron and steel industry also proceeds in some explorations of intelligent manufacturing from the perspective of equipment technique to planning and scheduling in order to keep competitiveness in metallurgical industry [5] [6] [7] [8] . In addition, with the increasingly fierce market competition and the current serious overcapacity of domestic steel production, the contract orders of steel products present a trend of multi-variety, small-batch, as well as short due date. Therefore, there is a significant conflict between the large-batch-mode of steel production and diverse requirements of customers, resulting in more complexity and difficulty in preparing production plans. In conclusion, it is a vital work to make reasonable plans for practical production, which has a critical effect on the achievement of intelligent production in the steel industry.
The steelmaking-continuous casting process is the core section in steel production [9] . Making reasonable charge plans in terms of contract orders is the primary precondition and the key guarantee for smoothing follow-up processes. The charge planning problem can be described as a batch planning
Problem Description and Mathematical Model
The preparation of production plans is a complicated task. The idea to solve such problems is generally as follows: (1) find out the key factors of the problem through on-site survey; (2) formulate a mathematical model in terms of the features of the problems to be studied; (3) design a solving algorithm for the model; (4) test the reliability of the model using the actual data. This section gives a formal description of the charge planning problem and establishes the mathematical model on the basis of actual constraints in special steel plants.
Preparing Procedures of Charge Plan
The design of charges, which is also referred as charge batching planning, is to convert the primary orders into various production batches (charges) subjected to the steelmaking processing constraints. Generally, a charge (or heat) is the basic unit in the steelmaking process, and represents the whole process starting with smelting in an electric arc furnace (EAF) or basic oxygen furnace (BOF) and ending in continuous casting or ingot casting. The key procedures of charge planning can be regarded as the decomposition of the contract orders into production orders and then the recombination of production orders into charges according to the constraints of grade, dimension and due dates. Obviously, the charge planning problem is a complicated combinatorial optimization problem subjected to various constraints. Figure 1 illustrates the process of making a charge plan. The rectangles with numbers in the left column denote production orders which are packed into m furnaces (charges) shown in the right column. As shown in Figure 1 , the essence of the charge planning problem is to find the corresponding relations between production orders and steelmaking charges, similar to the typical one-dimensional bin packing problem, where orders and charges correspond to items and boxes respectively. 
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Mathematical Model of Charge Planning
According to the practical situation in special steel plants, the following hypothesis are made in this model:
(1) The number of grouped charges is unknown beforehand. (2) All contract products are prepared into production in consideration of the stricter requirement of customers on the customization production. (3) Total weight of a charge can be varied in a certain range. (4) The steel grades and dimensions of the contract products have been known in advance. (5) The weight of any production order is less than the furnace capacity, which means the order cannot be split.
Notations are defined as follows:
(1) Indexes and Parameters: • w i : the weight of order i; • V max : the maximum capacity of steelmaking furnace; • a: the lower limit coefficient of the total weight of a charge, and V min equals to a·V max . The value of a depends on the actual production requirements of steel plants and is less than 100%.
(2) Decision Variables:
• x ij : binary variable representing whether order i is in charge j (x ij = 1) or not (x ij = 0);
The mathematical model for charge planning problem can be formulated as follows.
The model contains two objective functions: the minimization of the difference in due dates of production orders in each charge (Objective (1)) and the total weight of open orders (Objective (2)). Constraint (3) represents that each production order can only and must be assigned to a charge. Constraint (4) indicates that the total weight of production orders in a charge is not larger than V max and lager than 0 to ensure the validity of charge j. Constraint (5) shows that de j is the earliest due date of orders assigned to charge j. Constraint (6) defines the weight of open order in a charge. Constraint (7) indicates the binary constraints for x ij .
Multi-Objective Evolutionary Algorithm
Multi-objective optimization problem (MOP) is a popular issue in the field of scientific research and engineering practice, which considers multiple objective functions for simultaneous optimization [19, 22] . Figure 2 shows the essential difference in the searching approach of the single-objective algorithms transformed from multi-objective ( Figure 2a ) and the multi-objective algorithms ( Figure 2b ). The solving process of the former is toward a certain optimal solution, while the latter pushes in the searching direction to the non-dominated solution set with bi-objective as an example of multi-objective. The solid line segment represents the multi-objective optimization solutions which is called the set of non-dominated solutions [23] . As can be seen from Figure 2 , the final solution of the MOP handled by scalar conversion is just a point of the non-dominated solution set, while the multi-objective algorithm eventually obtains a series of optimization schemes, which are distributed to different points and provide more choices for different optimization demands. Therefore, the multi-objective algorithms are more appropriate than the single-objective ones to solve actual problems. Constraint (3) represents that each production order can only and must be assigned to a charge. Constraint (4) indicates that the total weight of production orders in a charge is not larger than Vmax and lager than 0 to ensure the validity of charge j. Constraint (5) shows that dej is the earliest due date of orders assigned to charge j. Constraint (6) defines the weight of open order in a charge. Constraint (7) indicates the binary constraints for xij.
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Solving Strategy
As a typical one-dimensional bin-packing problem, charge planning problem can be solved by some classic methods, such as constructive heuristics and intelligent optimization algorithms [12, 15] . The latter attains the optimal solutions of the problems mainly through the simulations of actual system without further exploration the essential characteristics of the problem itself.
Evolutionary algorithm is an artificial intelligence technology of self-organization and selfadaptation based on Darwin's theory of evolution, simulating biological evolution mechanism to solve optimization problems. The realization of an evolutionary algorithm is mainly through the operations of crossover, mutation, evaluation, and selection to produce solutions of optimization problems. In 1985, Schaffer [24] proposed the Vector Evaluated Genetic Algorithm (VEGA), taking the lead in the use of evolutionary algorithms to deal with the MOP. Soon afterwards, Goldberg [25] combined the Pareto theory into the evolutionary algorithm for MOP, which had a great significance on the study of multi-objective evolutionary algorithms. Multi-objective evolutionary algorithm (MOEA) adopts parallel mechanism to optimize objectives at the same time, and works out a set of Pareto optimal or approximate solutions by once-through operation, which effectively solve the 
Evolutionary algorithm is an artificial intelligence technology of self-organization and self-adaptation based on Darwin's theory of evolution, simulating biological evolution mechanism to solve optimization problems. The realization of an evolutionary algorithm is mainly through the operations of crossover, mutation, evaluation, and selection to produce solutions of optimization problems. In 1985, Schaffer [24] proposed the Vector Evaluated Genetic Algorithm (VEGA), taking the lead in the use of evolutionary algorithms to deal with the MOP. Soon afterwards, Goldberg [25] combined the Pareto theory into the evolutionary algorithm for MOP, which had a great significance on the study of multi-objective evolutionary algorithms. Multi-objective evolutionary algorithm (MOEA) adopts parallel mechanism to optimize objectives at the same time, and works out a set of Pareto optimal or approximate solutions by once-through operation, which effectively solve the problem of trapping into local optimization. Therefore, in recent years, MOEA as an efficient approach to solve MOP, has been extensively applied in industrial fields [26, 27] . In this paper, we present a modified MOEA for the charge planning problem.
Algorithm Design
According to the principle of multi-objective evolutionary algorithms, this section proposes a target ranking-based MOEA (referred to as TR-MOEA) for charge planning problem. In TR-MOEA, fitness function is defined based on sub-goal ranking, and genetic recombination operator is employed for reproduction. In addition, Elitism is introduced into the selection process as well.
(1) Encoding and Decoding Scheme
In this paper, the operation of real encoding is applied to generate the chromosome according to the number of orders. Considering the actual requirement of long products, the chromosome is divided into several groups according to steel grade and dimension in advance, and the following operations of gene recombination are respectively carried out in the separated fragment without cross-impact. In addition, the sequence of the orders in each fragment is random. Taking an example of 10 orders, Figure 3 reveals the mode of encoding and decoding. As shown in Figure 3 , these orders are divided into two parts in terms of specification. Since the total weight of order 2, order 6, and order 7 exceeds V max , it can be acceptable that a charge only contains order 2 and order 6 in the process of decoding, even though the total weight of these two orders is lower than V max ·a. In this case, the total capacity of charge is set as the value of V max ·a. problem of trapping into local optimization. Therefore, in recent years, MOEA as an efficient approach to solve MOP, has been extensively applied in industrial fields [26, 27] . In this paper, we present a modified MOEA for the charge planning problem.
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In TR-MOEA, we present a target ranking method to evaluate the fitness of an individual, and the detailed formulas is given in Equations (8) and (9). 
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Notations in two above equations are explained as follows.
• p: index of objective function; • X q : individual q of the population; This target ranking method makes the individuals with better performance get larger fitness, which can obtain more opportunities in the evolution.
(3) Selection Operator
In the process of selection, a kind of Elitism strategy is presented to keep the obtained optimal solutions inherited in the iteration process, and the detailed procedure is exhibited as follows. The individuals in first generation are all reproduced into the next generation, and the best n solutions of individuals in the original population are stored into an external set, named as the non-inferior solution set Q. Starting from the second generation, the best individuals of 20% in each generation directly are kept into the next generation as well as the fixed individuals of n in Q, and the rest are chosen by tournament selection. The update of Q is completed through the comparison between the best n solutions from each generation and the current solutions in Q in terms of the rule of survival of the fittest. After the selection operation, the individual number of population in next generation remains unchanged.
The selection operation is based on the comparison of fitness proposed in preceding text. This selection mechanism can obviously raise the convergence rate and computational efficiency of algorithm. Here, the value of n is determined by the population size N, where n = 20% × N.
(4) Recombination Operators
Li et al. [28] presented an improved genetic algorithm, named partheno-genetic algorithm (PGA), in which the traditional crossover operator is replaced by gene recombination operators. The genetic recombination operation is just specific to an individual, and makes full use of information of each chromosome to ensure the feasibility and superiority of PGA on combinational optimization problems. Since the orders are selected without remaining, the recombination operator is the only operator to reproduce the offspring individuals without considering mutation. In each generation, the choice of recombination mode is determined by the fitness of individuals. The detailed operation method is shown as below.
The best individuals of 50% with the greater fitness in each generation randomly exchange one-pair gene to generate offspring, while the others adopt two-pair gene exchange operator. This recombination mode in terms of fitness is a benefit to intensify the correction on poor individuals. Taking an instance of 14 orders, the recombination operators of TR-MOEA are shown in Figure 4 . Here, recombination is operated in each fragment with same grade and dimension. The genetic recombination operator can maintain the diversity, and avoid the "premature" convergence of the algorithm to some degree.
(5) Termination Criteria
In general, the algorithm terminates if one or more of the stopping criteria are confirmed [29] : (a) the evolutionary generation exceeds a predefined number or threshold; (b) the difference in fitness among the preceding generations is less than a tiny value; (c) the population diversity is less than a very small number or threshold; (d) the difference in fitness of the best individuals between two consecutive generations is less than a very small value. The stopping criteria of GA also can be applied to MOEA. According to the characteristics of the model and fitness function, the solutions are obtained by setting the evolutionary generation (the first criterion).
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Procedure of TR-MOEA
Based on the above descriptions, the procedure of the proposed TR-MOEA is formalized as follows.
Step 1 Set the algorithm parameters, such as population size, evolutionary generation, the recombination probabilities, etc.
Step 2 Classify the production orders based on steel grades and dimensions, and encode production orders on the basis of the prescribed manner to generate the original population.
Step 3 If the current population is the initial one, calculate the fitness values of each individual in the population according to Equations (8) and (9), and then generate the non-inferior solution set Q, otherwise, update Q based on the fitness of the individuals.
Step 4 If the terminal condition is met, then go to step 7; otherwise, go to step 5.
Step 5 Select and replicate individuals by the strategies of selection and duplication depicted above.
Step 6 Generate a new population through recombination operation, and then go to Step 3.
Step 7 Terminate the algorithm once meeting the stopping criteria and output the non-dominated solutions from the non-inferior solutions Q as the solutions of MOP.
Case Study

Algorithms Comparison and Parameter Settings
In order to test the performance of the presented model and algorithm on practical production, a case study was carried out on a set of 159 production orders from a special steel plant of long products in China. Table 1 lists a part of production orders. The parameter setting of TR-MOEA is shown in Table 2 , where the number of the population was eventually set as 40 in consideration of the trade-off between the distribution of optimal solutions and the computational efficiency [11] . To verify the effectiveness of TR-MOEA, the traditional GA and MPGA were also applied to produce solutions as the single-objective optimization with the same 159 production orders. The parameters of GA and MPGA were set as given in Reference [11] . The penalty coefficients were set as 100 ¥/t for open order and 1 ¥/t for differences in due dates in the reference of actual production requirement. Both GA and MPGA were run ten times, and the average penalty values obtained from each algorithm were respectively recorded as the comparative items. Since TR-MOEA can obtain several favorable solutions by running once, the best solution set was determined through running ten times to make the comparison. In addition, the manual result originated from experienced technician was also provided as the comparation for the same case. The algorithms were coded with Microsoft Visual C#, and the experiments were carried out on a PC with an Intel(R) Core(TM) i5-6300HQ, 2.3 GHz CPU and 4 GB RAM. Table 2 . Parameters setting for multi-objective evolutionary algorithm based on target ranking.
Parameters Values
Population size (N) 40 Generation (G) 120 Lower limit coefficient of the total weight in a charge (a) 95% Size of non-inferior solution set Q (n) 8 Recombination probability 80% Table 3 lists the non-dominated solutions from the non-inferior solution set Q of TR-MOEA, in which the charge plans that did not meet the actual demands were removed, and then five feasible schemes were left. The average penalty values of optimal solutions outputted from GA and MPGA respectively correspond to 5227.17 and 5184.165. While TR-MOEA obtained a solution set containing five optimal schemes after being run once, where the penalty values of four solutions were all lower than that of MPGA. The penalty value of GA was larger than those of the TR-MOEA and MPGA. The due date differences of the five solutions obtained from TR-MOEA were all remarkably lower than those of GA and MPGA, and the improved degrees of the worst solution of 1971.645 also respectively achieved 13.3% and 8.3% in contrast to the ones of two other algorithms. The superiority of TR-MOEA in due date difference resulted from the introduction of the non-inferior solution set Q. The integrated optimal solutions were excessively dominant in the optimization process of GA and MPGA with often neglecting the best solutions of single-objective; however, TR-MOEA adopted the non-inferior solution set Q to easily retain the best solutions of each objective to the end. With respect to open order amount, the average value of the solutions from TR-MOEA was 35.208, which was approximately five more than those of GA and MPGA. The reason may be from the stricter constraints of all orders being selected in TR-MOEA. In terms of computational efficiency, three algorithms all can obtain the final solutions within 2 min, which was significantly superior to 40 min for the manual solution. Referring to the results comprehensively in Table 3 , TR-MOEA can obtain the relatively optimal solutions of charge planning problem on the basis of the comparison of solution quality and computational efficiency, as compared to the GA, MPGA and manual solutions. In order to further prove the universality of the proposed model and algorithm to other steel plants, a data set of 100 production orders from another special steel plant (steel plant 2) was adopted to carry out the simulation experiments, and the scatter diagram of the non-dominated solutions are shown in Figure 5b . In addition, the results of TR-MOEA in Table 3 are displayed in Figure 5a . The discrete points displayed in Figure 5a ,b demonstrate the same favorable diversity in the objective solution space, and that means there were more candidates to be chosen in terms of different practical demands. The planners can select one of the points closer to Y-axis if the due date difference was required to be smaller. Similarly, if many inventories prefer to minimize the open order amount in steel plants, the point closest to X-axis will be chosen as the references to arrange production. Taking an example of the results in Figure 5a , the third scheme is the best choice on account of the comprehensive consideration of due date difference and open order amount. In conclusion, the application of the model based on TR-MOEA to solve the charge planning problem reaches the expected goals of shortening the time to prepare charge plan, reduce the open order amount, and improve the prompt delivery reliability with multiple charge planning schemes. Faced with variable customer requirements and complex production environments, multi-objective evolutionary algorithms will play a more important role than single-objective optimization algorithms for charge planning problem. At present, the charge planning model based on TR-MOEA has been embedded into the Intelligent Production Management System developed by a special steel plant of long products in China and is in the phase of on-site debugging.
Results and Discussion
Conclusions
Focused on the charge planning problem in special steel plants of long products, a mathematical model is established aiming at the optimization of both due date difference and open order amount, and a modified multi-objective evolutionary algorithm based on target ranking is presented to solve this model. Since introducing the Elitism strategy, as well as the changeable recombination operators, the favorable solutions in each generation can be inherited well. Through simulation experiments with 159 production orders from a special plant, TR-MOEA can obtain a relative optimal solution set with the total penalty from 4561.280 to 5215.680 within a computational time of 2 min. The improved The discrete points displayed in Figure 5a ,b demonstrate the same favorable diversity in the objective solution space, and that means there were more candidates to be chosen in terms of different practical demands. The planners can select one of the points closer to Y-axis if the due date difference was required to be smaller. Similarly, if many inventories prefer to minimize the open order amount in steel plants, the point closest to X-axis will be chosen as the references to arrange production. Taking an example of the results in Figure 5a , the third scheme is the best choice on account of the comprehensive consideration of due date difference and open order amount. In conclusion, the application of the model based on TR-MOEA to solve the charge planning problem reaches the expected goals of shortening the time to prepare charge plan, reduce the open order amount, and improve the prompt delivery reliability with multiple charge planning schemes. Faced with variable customer requirements and complex production environments, multi-objective evolutionary algorithms will play a more important role than single-objective optimization algorithms for charge planning problem. At present, the charge planning model based on TR-MOEA has been embedded into the Intelligent Production Management System developed by a special steel plant of long products in China and is in the phase of on-site debugging.
Focused on the charge planning problem in special steel plants of long products, a mathematical model is established aiming at the optimization of both due date difference and open order amount, and a modified multi-objective evolutionary algorithm based on target ranking is presented to solve this model. Since introducing the Elitism strategy, as well as the changeable recombination operators, the favorable solutions in each generation can be inherited well. Through simulation experiments with 159 production orders from a special plant, TR-MOEA can obtain a relative optimal solution set with the total penalty from 4561.280 to 5215.680 within a computational time of 2 min. The improved degree of TR-MOEA in due date difference was better than the open order amount in comparison with the results obtained from GA and MPGA. An additional experiment with 100 orders from another steel plant verified the universality of the model as well as TR-MOEA. In addition, the favorable diversity of solution sets from TR-MOEA can offer the enough flexibility for planners to choose more suitable charge plan according to different production requirements.
In our current study, the hypothesis proposed for modelling may not conform the actual production absolutely. For example, it's not certain of the weight of any production order less than the furnace capacity. In future work, the case of the weight of orders larger than the furnace capacity will be further considered to improve the model, and it is also very interesting to investigate the validity of the proposed algorithm on the charge planning problem for other types of steel production, such as plate products. 
